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Learning Scene Representation
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Applications

e Downstream tasks

Boston Dynamics




Challenges

3D supervision
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3D supervision



Challenges
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3D supervision 2D image + Camera pose



Challenges

Geometry Geometry + Appearance



Challenges

Multi-view consistency




Challenges

Voxel resolutions
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Contributions

* A continuous, 3D structure aware, neural scene representation encoding
geometry and appearance a multi-view consistent manner.

* Along with a Differentiable ray marching algorithm for rendering.

* End-to-end training without explicit 3D supervision.
* Generalizable to other geometry or appearance.

e Evaluation in:
* Novel view synthesis.
 Few-shot reconstruction.



Problem Setting

Input data:

2D image: T; € RZXWXS
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Implicit Scene Function
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Implicit Scene Function
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Implicit Scene Function
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Implicit Scene Function
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Neural Rendering

O: X x R x R¥3 5 RIXWXS (¢ E K)— O(®,E,K)=1
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Neural Rendering

O: X x R x R¥3 5 RIXWXS (¢ E K)— O(®,E,K)=1

* Ray Marching

* Pixel Generator




Ray Marching

u
Parametrize ray marching out of pixel (u, v): Frgld) =R (K™ ( Z ) — t)




Ray Marching

u
Parametrize ray marching out of pixel (u, v): Frgld) =R (K™ ( Z ) — t)
Intersection as optimization:

arg min d Surface

S.t. Tyo(d) €2 d>0

Intersection




Ray Marching

u
Parametrize ray marching out of pixel (u, v): Frgld) =R (K™ ( Z ) — t)

Algorithm 1 Differentiable Ray-Marching

fu NTERSECTION(®, K, E, (u, v))
: do < 0.05

(ho, co) + (0,0)

I}

2

3

4. for : + 0 to max_iter do

Bt X; ¢ Ty, (d;)

6: Vi< (I)(Xz)

{: ((5, hi_|_1, Ci+1) T LSTM(V, hi, Ci)
8 dz—}—l . d -+ 5

9 return Ty ol dvce iter)




Ray Marching

u

Parametrize ray marching out of pixel (u, v): rus(d)=RI(K| v | —-t)
d

Ty,v(do)

Algorithm 1 Differentiable Ray-Marching

function FINDINTERSECTION(®, K, E, (u, v))
do < 0.05
(ho, Co) <— (0, 0)
for : < 0 to max_iter do
X; < l‘u,fv(di)
Vi < (I)(Xz)
((5, hi_|_1, Ci—i—l) < LSTM(V, hi, Ci)
diy1 < d;i +0
return ry, , (dmam_iter)
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Ray Marching

u

Parametrize ray marching out of pixel (u, v): rus(d)=RI(K| v | —-t)
d

Ty,v(do)

Algorithm 1 Differentiable Ray-Marching

1: function FINDINTERSECTION(®, K, E, (u, v))
2 do < 0.05

3 (ho, co) < (0,0)

4: for : < 0 to max_iter do

5 X; < l‘u,fv(di)

6: Yi s M")
{: ((5, hi_|_1, Ci—i—l) T LSTM(V, hi, Ci)
8 dit1 < d; + )

9 return ry, o (dmaexs_iter)




Ray Marching

u
Parametrize ray marching out of pixel (u, v): rus(d)=RI(K| v | —-t)
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Algorithm 1 Differentiable Ray-Marching

1: function FINDINTERSECTION(®, K, E, (u, v))
2 do < 0.05
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Ray Marching

u
Parametrize ray marching out of pixel (u, v): Frgld) =R (K™ ( Z ) — t)

Algorithm 1 Differentiable Ray-Marching
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Pixel Generator

Per Pixel:

VUmax _iter

ru,v(dmax _iter)
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Per Pixel:
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General Framework

R, t],K

Differentiable Ray Marching

(for n iteration steps)

Ray Marching LSTM

Vi

(8i+1,i41,€i41) = LSTM(v;, hy, ¢;)
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Camera distance update ( R

diy1 =d;+ 644 Scene representation

J ®:R3-> R"
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parameterization T
X; =TIy v(di) y coordinates

)
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initial distance to camera




General Framework

i Differentiable Ray Marching
(for n iteration steps)
Ray Marching LSTM Vi
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Generalization over Scenes
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Generalization over Scenes




Generalization over Scenes

oY MLP Weights
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Generalization over Scenes

b4 MLP Weights
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Generalization over Scenes

D4 MLP Weights Latent code
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Optimization
Joint optimization:

arg min
{6,9,{z;}22,
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0: Neural Renderer

Y: Hypernetwork

Z: Scene latent code
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Optimization

Joint optimization using SGD:

arg min
{6,9,{z;} 2L, H;
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Optimization
Joint optimization using SGD:

arg min ZZH@O Py (sy), B, K]) — T] 13+
{6.9,{z;}1,} j=1i=1 g
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Optimization
Joint optimization using SGD:
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Optimization
Joint optimization using SGD:
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Optimization

Few-shot (N =1, 2):

N
7 = arg minz ||@9|(<I>“,|(z), Ei, K;) — Z||5 4+ Adep|l min(d;, finat, 0)]15 + MatllZ|5
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Shepard Metzler

*7 element objects

* Novel view synthesis on:
* Training set
* Few-shot on 100 test objects

Figure 2: Shepard-Metzler object from 1k-object
training set, 15 observations each. SRNs (right)
outperform dGQN (left) on this small dataset.



ShapeNet

e Cars and Chairs

* Novel view synthesis on:
* Training set.
* Few-shot on official test objects.

‘- ) Q.\ )

Figure 7: Single- (left)
and two-shot (both) ref-
erence views.

50 images (training set) 2 images Single image

Chairs Cars Chairs Chairs Cars
TCO[1] 24.31/0.92 20.38/0.83 21.33/0.88 18.41/0.80 21.27/0.88 18.15/0.79
WRL [4] 24.57/0.93 19.16/0.82 22.28/0.90 17.20/0.78 22.11/0.90 16.89/0.77

dGON [2] 22.72/0.90 19.61/0.81
SRNs 26.23/0.95 26.32/0.94

22.36/0.89 18.79/0.79
24.48/0.92 22.94/0.88

21.59/0.87 18.19/0.78
22.89/0.91 20.72/0.85




ShapeNet
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Latent space interpolation




Camera pose extrapolation

Camera zoom Camera rotation




Basel face model

* Available disentangled latent:
* |dentity
* Expression




Minecraft room

Room scale scene




Critique / Limitations / Open Issues
* Availability of camera pose?

* Effects of view or lighting?

e Failure cases.




Critique / Limitations / Open Issues

« Modeling and architectural choices:

* Pixel generator:
* MLP vs CNN.
* Texture details (Using positional encoding or sinusoidal activation function(Siren))

e Computationally expensive hypernetwork (= 10”7 parameters).
* What if we use Auto-Encoder? (instead of Auto-Decoder).
* Meta learning (MetaSDF).

* Ray marching
* Expensive feed-forward of scene function for each step.
* Weak convergence.



Contributions (Recap)

* A continuous, 3D structure aware, neural scene representation encoding
geometry and appearance a multi-view consistent manner.

* Along with a Differentiable ray marching algorithm for rendering.

* End-to-end training without explicit 3D supervision.
* Generalizable to other geometry or appearance.

e Evaluation in:
* Novel view synthesis.
 Few-shot reconstruction.
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